Analysis of EEG activity usually raises the problem of differentiating between genuine EEG activity which is introduced through a variety of external influence. These artifacts may affect the outcome of the EEG recording. In this paper, wavelet denoising and band pass filter for preprocessing and an adaptive principal component analysis based recursive least squares algorithm for extraction are proposed to remove the artifacts. The algorithm is designed to adaptively derive a relatively small number of decorrelated linear combinations of a set of random zero-mean variables while retaining as much of the information from the original variables as possible. The proposed method was tested in real EEG records acquired from eight subjects. The experimental result show that the proposed method can effectively remove the artifacts from all subjects.
Introduction
When brain cells (neurons) are activated, the synaptic currents are produced within the dendrites. This current generates a magnetic field measurable by electromyogram (EMG) machines and a secondary electrical field over the scalp measurable by Electroencephalogram (EEG) systems [1] . EEG is the non-invasive measurement of the electrical activity on the scalp over multiple areas of the brain. The measured of currents that flow during synaptic excitations of the dendrites of many pyramidal neurons in the cerebral cortex is called EEG signal. In clinical application, EEG signal used for diagnosing, monitoring, and managing neurological disorders and in research field used for brain computer interface (BCI) application. In recording EEG Signals, subjects normally will blink, squirm, and glance about, as they would be expected to sit in a chair for a long time and engage in what is often a repetitive task. Unfortunately, through these movements a period of electrical noise or artifacts that may be difficult to discriminate from neural activity may be introduced. Hence, a necessary stage in EEG processing is artifact removal. Artifacts can dramatically alter the signal recorded at all scalp sites, especially those closest to the source of the noise [2] [3] [4] [5] [6] [7] . The experimenter may also wish to remove (reduce) portions of the EEG record for other reasons, such as the subject becoming drowsy or failing to perform a task properly. Hence, it is often necessary to view the EEG data, on either a monitor or printout, and manually determine which regions of the data contain excessive artifacts. This is where signal processing becomes relatively complicated. Determining what is considered artifact, how much artifact is excessive, and removing artifacts from real data require a skilled human or a sophisticated artificial system [7] .
In a BCI application that removed all data containing artifact might be left with too little clean data to be of practical use. Therefore, the use of noise cancelation method to the EEG records and leaving clean data would be of tremendous value (there has been an ample amount of research toward this goal) [8] [9] [10] . Many of these newer approaches involve techniques including independent component analysis, neural networks, Kohonen maps, principal component analysis (PCA), and other methods which were either unavailable or much less well known during the early days of EEG signal processing. Techniques for online cancelation of EEG noise without rejecting other data are remains difficult in EEG processing (APCA) software but necessary one for BCI designers. In this paper, an adaptive principal component analysis algorithm is proposed to remove the artifacts. The algorithm which can significantly enhance prominence of the spike in the clean EEG signals is designed to adaptively derive a relatively small number of decorrelated linear combinations of a set of random zero-mean variables while retaining as much of the information from the original variables as possible. The proposed method was tested in real EEG records acquired from eight subjects. The experimental result show that the proposed method can effectively remove the artifacts from all subjects.
Experimental
In the experiment, eight healthy adult subjects (all men, ranging in age between 20-22 old years) participated in this study, which are 5 subjects have slight hair and the rest are thick hair.
All of the subjects do same experiment with three stimulus which are baseline, closed eye, and blink eye condition. It has been made sure that every participant was not in a stress mental condition while the experiment was being conducted. All participant picture show in Figure. 1. During the experiment, all participants were sitting in a comfortable chair in front of 14" monitor at a distance of about 1 m. To build the experiment setting used in the EEG sample collecting process, we utilize the OpenVibe software to perform the data acquisition, stimulus visualization, and EEG recording with the function block that already built in. This experiment consists of two sessions, first session had a period of 130 seconds with 2 stimulus (i.e., baseline (eye normal) and closed eye condition). Second sessions had a period of 66 seconds with 2 others stimulus (i.e., baseline (eye normal) and blink eye condition). The EEG signals are recorded continuously using six electrodes (channels) at F7, F8, T7, T8, O1 and O2 that represent the visual of human brain and digitized at a 128 Hz sampling rate. Let m be the number of measured EEG signals and n be the number of unknown input sources. Then, the measured signals at channel i, ( ) , can be represented as a linear combination of n unknown mutually statistically independent source signals ( ), j=1, 2, ..., n, as follows independent source signals should be adaptively updated in such a way so that the estimated vector ̂( ) will reconstruct the input measured signals ( ) as correctly as possible. The general learning algorithms are optimal only for a Gaussian distribution of the input data and they are rather sensitive to impulsive noise or outliers. Many approaches can be taken to increase the robustness of PCA with respect to noise and outliers. Firstly, outlying measurements can be eliminated from the data; secondly outliers can be suppressed or modified by replacing them with more appropriate values; and finally, more robust criteria can be applied. 
are all non-zero. In order to derive an adaptive algorithm, we can formulate a cost function as [11] :
where = −1 − ( ) , with 0 ( ) ≜ ( ) . The minimization of these cost functions by the gradient descent technique leads to an adaptive learning algorithm
( 3) for any (0)=0, (i=1, 2,...,n), where ( ) > 0. Usually, the second term in the right hand side of Equation (3) is relatively small and can be neglected. Thus, yielding a simplified version of the learning algorithm for the extraction of the first m PCs:
or in a discrete-time version as
), the real-time adaptation rule can be rewritten as
where ) (k y is the separated signal and the output of the second step,
is the learning parameter (it is adaptively adjusted according to
with the forgetting factor 1 0    ), and   . f is a suitably chosen nonlinear function that is usually selected to be odd in order to ensure both stability and signal separations. These nonlinear functions require the use of high-order statistics. In the present study,   . f was chosen as
Results and Discussion
In this simulation, actual signals were recorded in a sixchannel (F7, F8, T7, T8, O1 and O2) configuration. The raw data (see Figure. 2 which each block indicated: normal, closed, normal, and blinking ayes, respectively) were first pre-processed using a wavelet denoising. Wavelet method is performed to obtain signal finer and enhance noise removal of artifacts by eliminating high frequency in order to obtain the final result of clean EEG signals with amplitude 2-6 μV range of values where the value is smaller than the signal Raw EEG signal. So the value of the amplitude of the wavelet denoising result is closer to the EEG signal amplitude range. The preprocessed result is shown in Figure. 3. The denoised EEG signals, therefore, were filtered using a sixth-order band-pass filter with cut-off frequencies of 3 Hz and 13 Hz, respectively (see Figure. 4 ). Since the EEG signal power to the noise power ratio is very small, a method of extraction the event-related potential (ERP) component from the EEG is desirable. One way of gaining further insights into EEG signals is by applying adaptive PCA techniques. The extracted signal is given in Figure. 5.
Since the artifacts can randomly occur and are unexpected, they are difficult to identify. Thus, instead of detecting and removing artifacts, our approach is to extract the event-related components based on a global pattern that encapsulates models for signals of interest.
Neuroscientists have found that, for the inhibition task, most event-related components project strongly around Fz channel and have two fixed significant ERP patterns [12] . The signal before and after our artifact removal techniques are shown in Figures. 2 and 5 from the 1st subject. As shown in the diagram, after artifact separation, a view of ERP is clearly recognizable in the each channels except channels P7 and P8 (i.e., contaminated by noise or artifacts). It demonstrates that the proposed algorithm can effectively extract the ERP from even when there are no clearly visible ERPs in the original signals. In order to show the visually performance of the extracted EEG signals, the brain mapping process is applied. The brain map using proposed methods according to the extracted signals in Figure. 5 is given in Figure. 6. The active brain regions that have been separated on any channels are indicated with a yellow to red. The red color indicated the higher brain activity and the blue color indicate the lower brain activity. The brain maps using PCA method indicates that the ocular artifacts are not perfectly separated (especially on channels F8 and O1). 
Conclusions
In this paper, an adaptive PCA algorithm to automatically extract event-related components and refine raw EEG signals has been addressed. The superiority of this method is adaptive, identifies the artifacts in a sufficiently small number of iterations and tracks successfully changes in the source signals. Finally, the results using the proposed illustrate the effectiveness of the proposed algorithm removing the artifacts and other non-even-related sources, and increasing the visibility of the ERPs on all subjects.
